Principal component analysis (PCA) is a standard method to correct for population stratification in ancestry-specific genome-wide association studies (GWASs) and is used to cluster individuals by ancestry. Using the 1000 genomes project data, we examine how non-linear dimensionality reduction methods such as t-distributed stochastic neighbor embedding (t-SNE) or generative topographic mapping (GTM) can be used to provide improved ancestry maps by accounting for a higher percentage of explained variance in ancestry, and how they can help to estimate the number of principal components necessary to account for population stratification. GTM also generates posterior probabilities of class membership which can be used to assess the probability of an individual to belong to a given population -as opposed to t-SNE, GTM can be used for both clustering and classification. This paper is a first application of GTM for ancestry classification models. Our maps and software are available online.
ADMIXTURE [4] provide maximum likelihood estimations of ancestry based on 23 ancestry proportions and allele frequencies but do not provide a visualization of 24 population clusters as PCA and other multivariate analysis methods do. 25 A PCA ancestry map is constructed from a genotype matrix G of dimension N × D, 26 where the N instances are individuals and the D features correspond to genetic variants 27 -typically SNPs which are pruned to remove SNPs in high linkage disequilibrium with 28 each other so that the identified principal components do not reflect local haplotype 29 structure, but instead reflect genome-wide ancestry. For example, G nd could be the 30 minor allele count for SNP d in individual n. For visualization purposes, PCA is used to 31 map G to a more interpretable latent or hidden space of 2 or 3 dimensions: G → X, 32 where X has dimension N × 2 or N × 3. The new variables -typically two for a PCA 33 plot -are the first principal components, which account for the highest percentage of the 34 overall variance. However, the total percentage of variance explained by such a small 35 number of principal components can be low for high-dimensional genotype matrices. 36 More complex visualization methods such as t-distributed stochastic neighbor 37 embedding (t-SNE) [5] or generative topographic mapping (GTM) [6] , which are 38 manifold-based and non-linear dimensionality reduction algorithms, are able to capture 39 more information by embedding a D-dimensional space in a low-dimensional latent 40 space, where D can be any number of features. Instead of two or three principal 41 components, any number of principal components can be used with these methods. To 42 assess the percentage of variance to account for population substructures, we propose to 43 execute two mappings, first carrying out PCA to select principal components and then 44 using t-SNE or GTM: G → X' → X, where X' is the matrix of F principal components 45 (F > 2), and X is the final t-SNE or GTM projection in a 2-dimensional space. The 46 performance of ancestry classification models built with X or the visual assessment of 47 clusters in X could then provide a way to estimate the number of principal components 48 to account for population stratification.
49
Both t-SNE and GTM are used for clustering tasks. However, new instances cannot 50 be projected onto a t-SNE map without training the map once again. GTM, on the 51 other hand, not only allows for the projection of new data points, but comes with a 52 probabilistic framework to build a comprehensive classification model and assign 53 probabilities of class membership. GTM has been used in cheminformatics to classify 54 compounds based on a simple map [7] , to compare chemical libraries, and to assess their 55 similarities [8] . GTM could easily be transposed to genetics and used to predict 56 ancestry and degree of admixture in an individual or a group.
57
In this paper, 1000 Genomes Project Phase III [9] data is used to build the genotype 58 matrix G. The 1000 Genomes Project has gathered genotypes from 26 different 59 populations corresponding to 5 superpopulations: Africans (AFR), Admixed Americans 60 (AMR), East Asians (EAS), Europeans (EUR) and South Asians (SAS). Ancestry maps 61 are investigated to cluster and visualize superpopulations and populations using PCA, 62 t-SNE, and GTM. t-SNE and GTM maps accounting for 3 to 1000 principal 63 components are compared to a simple PCA plot. We also compare GTM ancestry 64 classification models to two different algorithms: k-nearest neighbors (k -NN) models ancestry membership in individuals and populations using GTM. prediction under HWE assumptions. SNPs from the major histocompatibility complex 76 (MHC) on chromosome 6 and in the chromosome 8 inversion region were excluded. The 77 remaining SNPs were pruned twice using plink 1.9 [11, 12] with windows of 1000 from Los Angeles USA (MXL); Gujarati Indian from Houston, Texas (GIH); Sri Lankan 85 Tamil from the UK (STU); and Indian Telugu from the UK (ITU). We used these 86 populations as an external test set to predict the degree of admixture in individuals and 87 populations. For the classification models, we also merged British in England and 88 Scotland (GBR) and Utah Residents with Northern and Western European Ancestry 89 (CEU) to obtain a single category for Northern and Western European Ancestry.
90
Visualization of ancestry clusters using PCA, t-SNE and GTM 91 t-SNE [5] translates similarities between points into probabilities; Gaussian joint 92 probabilities in the original input space and Student's t-distributions in the latent space. 93 The Kullback-Leibler divergence between data distributions in the input and latent 94 space is minimized with gradient descent. t-SNE has several parameters to optimize: 95 the learning rate for gradient descent, the perplexity of distributions in the initial space, 96 and the early exaggeration. However, the algorithm is only moderately sensitive to 97 these two last parameters. In this paper, we used the scikit-learn implementation for 98 t-SNE [13] , with default learning rate = 200, perplexity = 30, and early exaggeration = 99 12. The main disadvantage of t-SNE is its lack of a framework to project new points 100 onto a pre-trained map -a feature available in PCA and GTM.
101
The core principle of GTM [6] is to fit a manifold into the high-dimensional initial 102 space. The points y k on the manifold Y in the initial space are the centers of normal 103 probability distributions of g, which here are individuals described by the genotype 104 matrix G:
where β is the common inverse variance of these distributions and W is the parameters 106 matrix of the mapping function y(x; W) which maps nodes x k in the latent space to y k : 107 original genotype space is generated from the k th node in the latent space is computed 111 using Bayes theorem:
These responsibilities are used to compute the mean position of an individual on the 113 map x(g n ), by averaging over all nodes on the map:
We used the python package ugtm v1.1.4 [14] for generative topographic mapping can be built using the k -NN approach in three steps: (1) a PCA plot is constructed 124 from a training set, (2) a test set is projected on the plot, and (3) each test individual is 125 assigned the predominant ancestry amongst its k nearest neighbors in the training set. 126 We did not construct k -NN models for t-SNE since it is not straightforward to project 127 new points onto a t-SNE map. On the other hand, GTM provides a probabilistic 128 framework which can be used to build classification models and generate class 129 membership probabilities [7] . GTM responsibilities can be seen as feature vectors: they 130 encode individuals depending on their position on the map, which is discretized into a 131 finite number of nodes (positions). They can be used to estimate the probability of a 132 specific ancestry given the position on map, using Bayes' theorem
where P (x k |a) is computed as follows:
where R kn is the responsibility of node x k for an individual belonging to population a, 135 which counts N a individuals. It is then possible to predict the ancestry profile P (a|g i ) 136 of a new individual with associated responsibilities
GTM nodes x k can be represented as points colored by most probable ancestry a max However, SVM and GTM models with 3 or 10 principal components have higher recall 173 for Admixed Americans and higher precision for South Asians. Optimal performances 174 can be achieved by including a third principal component. 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 Admixed Americans AMR 0.93 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 East Asians EAS 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 Europeans EUR 0.99 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 South Asians SAS 0.93 ± 0.01 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 Overall F1 score 0.98 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 SVM10 = support vector machine classification model using 10 principal components, PCA = k-nearest neighbours model based on 2D PCA map (k = 7), GTM{3,10,100} = bayesian classification model based on generative topographic mapping using 3, 10 or 100 principal components. Maps for 20 populations using PCA, t-SNE and GTM 176 From Fig 2 and Fig 3, it can be seen that t-SNE and GTM recognize the same clusters. 177 However, t-SNE provides clearer cluster visualization, whereas GTM suffers from a Europe.
196

Performance of classification as a function of variance explained 197
To investigate how the performance of 19-populations classification models (with CEU 198 and GBR populations merged into one class) is changing depending on the percentage 199 of variance explained, the cross-validated performance of GTM maps was evaluated by 200 varying the number of principal components included in the model (Fig 4) . The Fig 5) . The six populations that were not used to build the GTM map 210 were used to generate posterior probabilities of superpopulation membership, which can 211 be interpreted as the probability for a tested population P to belong to a 212 superpopulation: P (AF R|T ) would be the probability of African ancestry for tested 213 population T. Indian Telugu from the UK (ITU), Sri Lankan Tamil from the UK (STU), 214 and Gujarati Indian from Houston (GIH) are all predicted as South Asians 215 (P (SAS|T ) = 1) -moreover, none of them is mapped to another ancestry group. choice to cluster individuals based on pre-defined panels. We showed how to assess 234 ancestry membership probabilities using GTM and interpret them through visualization. 235 By generating t-SNE or GTM maps with increasing number of principal components, 236 we can estimate the percentage of variance explained to identify population 237 substructures -this could also be useful to account for population stratification in 238 genome-wide association studies.
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